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ICAPM1. Introduction
There is a large literature on equity home bias,1 that is, the fact that investors are found to hold a disproportionately larger
share of their wealth in domestic portfolios as compared to predictions of standard portfolio theory. In the home bias studies,
the actual portfolio holdings are compared to a benchmark. Depending upon the benchmark weights, there are two main
approaches to home bias studies: the model-based approach and the return-based approach. In the model based, the International
Capital Asset Pricing Model (ICAPM) benchmark is characterized by the weight of a country in world market capitalization. The
ICAPM approach does not explicitly model returns; it just trusts that investors have already done that. The data-based approach
uses a time series of returns and computes benchmark weights from a mean-variance optimization.2 Sample estimates of mean
and a covariance matrix of asset returns are used to estimate optimal weights in a mean-variance framework. The estimated optimal
weights lead to extreme positions and ﬂuctuate substantially over time.3 These two approaches give different benchmark weights
and, accordingly, home bias measures are quite different. A Bayesian framework considers both the ICAPM asset-pricing approach
and the mean-variance data-based approach. It is based on investors' degree of conﬁdence in the ICAPM based approach. As the
degree of scepticism about the model grows, the portfolio weights move away from those implied by the ICAPM portfolio theory
to those obtained from the data-based approach.iterature.
be consistent with rational mean-variance portfolio choices.
for problems in mean-variance optimal portfolios. Chopra and Ziemba (1993) state that errors in estimating
g variances, and over 20 times as costly as errors in estimating covariances.
.V. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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mean-variance, minimum-variance, Bayes–Stein, Bayesian and multi-prior. First, the paper develops measures of home bias
that take into account the scepticism of investors in the ICAPM model. Pastor (2000) approaches portfolio selection using a
Bayesian framework that incorporates a prior belief in an asset pricing model. Pastor and Stambaugh (2000) investigate the
portfolio choices of mean-variance-optimizing investors who use sample evidence to update prior beliefs concerning either
risk-based or characteristic-based pricing models. Jeske (2001) raises awareness of a number of empirical and theoretical issues
concerning home bias in equity holdings. In his view, the US has the lowest home bias of all industrialized nations, contrary to
people's belief that home bias in US is more severe than in other countries. Li (2004) examines the role of investors' perception
of foreign investment risk on their portfolio choices. Asgharian and Hansson (2006) determine to what extent the estimated
expected returns on European equity indices will be affected by different degrees of prior conﬁdence in the ICAPM. They ﬁnd
a strong home bias in most countries, which cannot be explained by any degree of disbelief in the ICAPM.
Second, the paper develops home bias measures based on the Multi-Prior volatility correction technique introduced by
Garlappi et al. (2007). The Bayesian decision maker is neutral to uncertainty (Knight, 1921). The Bayesian portfolio weights
are more stable than those of the data-based approach; however, there may still be extreme and volatile weights. Garlappi
et al. (2007) restricts the expected return for each asset to lie within a speciﬁed conﬁdence interval around its estimated
value.
Third, the paper develops home bias measures based on the Bayes–Stein shrinkage estimator that minimizes the impact of
estimation error by shrinking the sample mean towards minimum variance portfolio. Stein (1955) and Berger (1974) develop
the idea of shrinking the sample mean towards a common value and state that shrinkage estimators achieve uniformly lower
risk than the MLE estimator. The sample-based Markowitz mean-variance approach tends to perform poorly out-of-sample.
The Bayes–Stein shrinkage estimators improve out-of-sample performance as compared to Markowitz mean-variance optimization.
Shrinking each asset's historicalmean return towards the return of theminimumvariance portfolio improves the precision associated
with estimating the expected return of each asset. The improved estimation of expected returns results in improved out-of-sample
performance.5 Zellner (2010) states that shrinkage estimators can improve the estimation of individual parameters and the forecasts
of individual future outcomes.
Fourth, the paper identiﬁes plausible sources of home bias. In a dynamic panel setting over the period 2001–2011, the measure of
home bias is related to a set of control variables (trade, beta, idiosyncratic risk, inﬂation, natural resources rents, size, institutional
quality and global ﬁnancial crisis). The empirical estimation employs Arellano–Bover/Blundell–Bond linear dynamic panel-data
methods to control for endogenous variables and to test the robustness of results. Baele et al. (2007), who investigate to what extent
ongoing integration has eroded the equity home bias, measure home bias by comparing the observed foreign asset holdings of 25
markets with optimal weights obtained from ﬁve benchmarkmodels. They ﬁnd that for many countries home bias decreased sharply
at the end of the 1990s, a development they link to time-varying globalization and regional integration.
Fifth, the paper takes into account the period of globalﬁnancial crisis duringwhich cross-border equity holdings fell signiﬁcantly in
2008 and recovered only partly in 2009. It is found that foreign listing, beta, natural resources rents, institutional quality and global
ﬁnancial crisis have a negative and signiﬁcant effect on measure of home bias. Idiosyncratic risk and size have a positive impact,
and trade exhibits mixed results.
The next section discusses the literature review. Section 3 discusses various home bias and optimal portfolio weight models.
Section 4 describes data, variables and summary statistics. Section 5 discusses validity of ICAPM and home bias measures. Section 6
discusses methodology and empirical results and Section 7 concludes.
2. Literature review
The literature on home bias revolves around the different motives of investors, including information asymmetries, behavioural
bias, motives for hedging, and explicit barriers to international investment. Several studies have considered the effect of indirect
barriers such as information asymmetries on equity investment and home bias. Cooper and Kaplanis (1994) develop a model of
international portfolio choice and equitymarket equilibrium that integrates inﬂation risk and deadweight costs, and use it to estimate
the levels of cost required to generate the observed homebias in portfolios consistentwith different levels of risk aversion. French and
Poterba (1991) use a simple model of investor preferences and behaviour and show that current portfolio patterns imply that, for
choices to be mean-variance rational, investors in each nation must expect returns in their domestic equity market to be several
hundred basis points higher than returns in other markets. Tesar and Werner (1995) state ﬁrst, that there is strong evidence of
home bias in national investment portfolios despite the potential gains from international diversiﬁcation; second, that the composition
of the portfolio of foreign securities seems to reﬂect factors other than diversiﬁcation of risk; and third, that the high volume of
cross-border capital ﬂows and the high turnover rate on foreign equity investments relative to turnover on domestic equity markets
suggest that variable transaction costs are an unlikely explanation for home bias. Coval and Moskowitz (1999) state that portfolios
of domestic stocks exhibit a preference for investing close to home. Huberman (2001) observes that shareholders of a Regional Bell
Operating Company (RBOC) tend to live in the area which it serves, and RBOC's customers tend to hold its shares rather than other4 Sampled countries are Argentina, Australia, Austria, Belgium, Brazil, Canada, Colombia, Czech Republic, Denmark, Egypt, Finland, France, Germany, Greece, Hong
Kong, Hungary, India, Indonesia, Israel, Italy, Japan, Korea, Malaysia, Mexico, Netherlands, New Zealand, Norway, Pakistan, Philippines, Poland, Portugal, Russia,
Singapore, South Africa, Spain, Sweden, Switzerland, Thailand, Turkey, UK, US, Venezuela.
5 See Gorman and Jorgensen (2002), Herold and Maurer (2003), Ledoit and Wolf (2003) and Wang (2005) for the shrinkage approach.
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that mutual funds, in aggregate, allocate a disproportionately larger fraction of investment to domestic stocks. Campbell and Kraussl
(2007) state that because of greater downside risk, investors may think globally but act locally, and the results of their model provide
an alternative view of the home bias puzzle. Barron and Ni (2008) link the degree of home bias across portfolio managers to portfolio
size. Nieuwerburgh and Veldkamp (2009) state that local investors proﬁt more from knowing information others do not know, and
learning ampliﬁes information asymmetry. Mondria and Wu (2010) ﬁnd that home bias increases with information capacity and
decreases with ﬁnancial openness. Coeurdacier and Rey (2013) review various explanations of the home bias puzzle, highlighting
recent developments in macroeconomic modelling that incorporate international portfolio choices in standard two-country general
equilibrium models.
Coen (2001) and Pesenti and vanWincoop (2002) focus on the non-tradables effect on home bias. Strong andXu (2003), Suh (2005)
and Lutje andMenkhoff (2007) focus on behavioural explanations for home bias. Some papers link corporate governance and home bias
(Dahlquist et al., 2003; Kho et al., 2009). Some studies on explicit barriers to international investment and home bias include Cooper and
Kaplanis (1986, 1994), De Moor et al. (2010), Glassman and Riddick (2001), Mishra (2014) and Sercu and Vanpee (2012).
In home bias studies, investors' actual portfolio weights are compared with optimal portfolio weights. Cooper et al. (2012) describe
two basic approaches to measure home bias: the positive and the normative. In the positive approach, the equity home bias measure
of country is computed as the difference between the actual holdings of domestic equities in the total equity portfolio of investors, and
the optimal CAPM domestic country weight. Other papers compute alternative home bias measures by scaling the benchmark weights:
Ahearne et al. (2004) deﬁne the home biasmeasure as oneminus the ratio of the share of foreign equities in US andworld portfolios. The
measure varies from zero (if the weight on foreign equities is given by their relative market capitalization) to one (if no foreign equities
are held). Bekaert andWang (2009) suggest applying the Fisher transformation to the original homebiasmeasure. Chan et al. (2005) and
Lau et al. (2010) employ the home biasmeasure as the log of the ratio of the actual portfolio weight to the benchmarkweight. Dahlquist
et al. (2003) state thatmostﬁrms in countrieswith poor investor protection are controlled by large shareholders, so that only a fraction of
the shares issued by ﬁrms in these countries can be freely traded and held by portfolio investors. They construct an estimate of the
world ﬂoat portfolio of shares available to investors who are not controlling shareholders.
In the normative approach, the second approach named by Cooper et al. (2012), the equity home bias measure of a country is
computed as the difference between the actual holdings of domestic equities in the total equity portfolio of investors from that
country, and the benchmark portfolio weight computed from mean-variance optimization. Jeske (2001) uses an estimated tangency
portfolio as a benchmark.
Pastor (2000) proposes a Bayesian approach that combines both positive and normative approaches. The Bayesian framework
incorporates investors' prior belief in an asset-pricing model. As the degree of scepticism about a model grows, the portfolio allocation
moves away from the benchmark allocation in the asset-pricing model towards the allocation suggested by a data-based approach.
Beale et al. (2007) employ the Bayesian approach of Pastor (2000) and the multi-prior approach of Garlappi et al. (2007).
The normative mean-variance approach relies on historical data to estimate expected returns. Sercu and Vanpee (2008) employ
(co)variance differences to avoid the problem of estimating expected returns. Sercu and Vanpee (2008) generalize Cooper and
Kaplanis (1994) to estimate a set of deadweight costs that can reconcile actual international portfolio weights with the prediction
of the international CAPM. Cooper and Kaplanis (1994) provide point estimates of each country's cost of either inward or outward
investments, conditional on an assumed value of risk aversion. Sercu and Vanpee (2008) provide a complete matrix of costs for all
combinations of home and host countries and are also able to estimate relative risk aversion. They work with unconditional risk
estimators. De Moor et al. (2010) use the time-varying volatility model of Bekaert and Harvey (1995) to estimate the covariance
matrix of risk assets' returns, ﬁnding that these matrices lead to inward investment costs for the emerging countries that are up to
three times lower than when a constant volatility model is used.
There are paperswhich discuss covariancematrices shrunk towardsmore precise but biased candidates. Chan et al. (1999) andGreen
and Holliﬁeld (1992) impose some factor structures on the estimator of the covariancematrix, reducing the number of parameters to be
considered. Ledoit and Wolf (2003) estimate the covariance matrix of stock returns by an optimally weighted average of two existing
estimators, the sample covariance matrix and the single-index covariance matrix. Ledoit and Wolf (2004) use an estimator that is an
asymptotically optimal convex linear combination of the sample covariance matrix and the identity matrix. Frost and Savarino (1988)
and Chopra (1993) impose short sale constraints on portfolio weights. Jagannathan and Ma (2003) ﬁnd that with no short sale
constraints in place, the sample covariance matrix performs as well as covariance matrix estimates based on factor models, shrinkage
estimators and daily data. DeMiguel et al. (2009) provide a general framework that relies on solving the traditional minimum-
variance problem but subject to an additional constraint, that the norm of the portfolio–weight vector be smaller than a given threshold.
3. Home bias measure and optimal portfolio weight models
3.1. Home bias measure
Home bias is a situation where an investor holds too high a share of wealth in domestic equities compared with the optimal share
predicted by the theory of portfolio choice. Home bias is the relative difference between actual foreign holdings of a country and
optimal foreign weights.HBi ¼ 1−
Actuali
Optimali
ð1Þ
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comprises both foreign and domestic holdings. The domestic equity holding is the difference between the country's total market
capitalization and foreign equity liabilities.6 Actu
7 Glas
8 See
9 I woActuali ¼
Foreign Equity Asseti
Foreign Equity Asseti þMarket Capitalizationi−Foreign Equity Liabilityi
ð2ÞOptimal portfolioweights are calculated by employing variousmethodologies, including classicalmean-variance, the international
capital asset pricingmodel, theminimumvariance portfolio, the Bayes–Stein shrinkage portfoliomodel, the Bayesian portfoliomodel,
and the Multi-Prior portfolio model. The home bias measure takes values between 0 and 1 in cases where actual foreign weight is
lower than optimal portfolioweight: 0when actual and optimal portfolio weights are equal, and 1when investors hold only domestic
assets.
In caseswhere actual foreignweight is greater than optimal portfolio weight, I employ the followingmeasure of home bias:HBi ¼
min jOptimalijActualið Þ
sign Optimalið Þmax jOptimalijActualið Þ
−1: ð3ÞThis measure takes into account cases of overinvestment abroad (negative home bias). In order to avoid arriving at misleading
measures of home bias (see Baele et al., 2007, p. 613 for details), I use Eq. (3) when actual weights are either negative or very low.
3.2. Optimal portfolio weight models
3.2.1. Classical mean-variance portfolio model
In the classical Markowitz (1952), mean-variance model, the investor maximizes expected utilitymax
w
w0μ−
γ
2
w0∑w ð4Þwherew is the optimal portfolio of N risky assets, μ is N− the vector of expected excess returns over the risk-free asset, Σ is the
N × Ncovariance matrix, γ is the risk aversion parameter. The solution to this problem7 isw ¼ 1
γ
∑−1μ: ð5ÞUnder the assumption thatw′1N=1, when a risk-free rate is available and chosen as the zero-beta portfolio andwhen short sales
are allowed,w ¼ ∑
−1μ
10N∑
−1μ
: ð6ÞThe computation of w* involves expected excess returns and the covariance matrix of returns. Expected returns are difﬁcult to
estimate. In computation of weights, the expected excess returns are based on historical data.Merton (1980) states that expected return
estimates are very unreliable due to the high volatility of returns. Michaud (1989) states that mean variance optimization signiﬁcantly
overweights (underweights) those securities that have large (small) estimated returns, negative (positive) correlations and small
(large) variances. These securities are the ones most likely to have large estimation errors. Portfolio weights tend to be extreme and
volatile8 in the classical mean variance data based approach. Britten-Jones (1994) ﬁnds that the sampling error in estimates of the
weights of a global mean-variance efﬁcient portfolio is large.
3.2.2. Minimum variance portfolio
The global minimum variance portfolio is the leftmost portfolio of the mean variance efﬁcient frontier and has a unique property in
that security weights are independent of expected returns on individual securities. Minimum variance portfolios rely solely on estimates
of covariances, and are less vulnerable to estimation error thanmean-variance portfolios. Theminimumvariance benchmark is said to be
optimal for someonewhohas inﬁnite risk aversion and ignores expected return. It is a portfolio chosenby someonewho thinks all sample
means differ just because of noise.9al portfolio holdings consist of all foreign and not just bilateral holdings, as the focus of this paper is home (not foreign) bias.
sman and Riddick (2001) use relative risk aversion γ= 3.
Hodges and Brealey (1978), Jeske (2001) for mean variance optimal portfolios.
uld like to thank the reviewer for his suggestion about this.
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weight as per Merton (1973) is10 The
estimat
11 The
12 See
13 t-st
14 t-stw ¼ μ∑−1IμI0∑−1I ¼
∑−1I
I0∑−1I
ð7Þwhere, μ is the (common) expected return, I is an N-dimensional vector of 1 and Σ is the variance–covariance matrix of returns.
3.2.3. Bayes–Stein shrinkage portfolio model
In the Bayes–Stein shrinkage approach, the sample mean is shrunk to mean of the minimum-variance portfolio. Jorion (1985)
shrinks the sample averages towards a common mean as proposed by Stein (1955) and ﬁnds that the out-of-sample performance
of the optimal portfolio is substantially increased. Jorion (1986) presents a simple empirical Bayes estimator that should outperform
the sample mean in the context of a portfolio. Based on simulation analysis, he ﬁnds that such an estimator provides signiﬁcant gains
in portfolio selection problem.
The Bayes–Stein estimate of expected return isE RBS½  ¼ 1−ψð ÞRþ ψRMINI ð8ÞThe Bayes–Stein variance–covariance matrix is∑BS ¼∑ 1þ
1
T þ λ
 
þ λ
T T þ 1þ λð Þ
II0
I0∑−1I
ð9Þwhere R is the vector of historical mean returns, RMIN is the minimum variance portfolio return, Σ is the variance covariance matrix
based on historical returns, I is vector of ones.
λ is computed asλ ¼ N þ 2ð Þ T þ 2ð Þ
R−RMINI
 
∑−1 R−RMINI
 
T−N−2ð Þ ð10Þwhere N is the number of return observations, T is the number of domestic market portfolios.
The shrinkage factor10 ψ isψ ¼ λ
.
Tþλ
: ð11Þ3.2.4. International capital asset pricing model
The world CAPM assumes that every investor is of the mean-variance type and has the same beliefs about the distribution of real
asset returns. All investors face identical investment opportunities and there are no transaction costs or taxes. The world CAPM
implies that all investors hold the world market portfolio, which is a portfolio where the weight of each asset is equal to its relative
share in the world market capitalization (Cooper et al., 2012).RD−RF ¼ β þ βD Rw−RFð Þ þ ε ð12Þwhere RD is the return on the domestic market portfolio, RF is the risk-free rate, Rw is the return on the world market portfolio, βD is
world beta of the domestic market, β is the intercept11 and ε is the error term.
The international asset pricing model of Solnik (1974) and Sercu (1980) takes into account exchange rates. Cooper and Kaplanis
(1986) treat the world market as just a mixture of national portfolios, reﬂecting a mixture of costs faced by various investors from
different environments.
3.2.5. Bayesian mean-variance portfolio model12
The degree of trust can be captured by t-statistics of the intercept β. A statistically insigniﬁcant intercept13 β allows a strong belief
that the ICAPM model is valid and that optimal portfolio weights are close to those of ICAPM. A higher value of t-statistics14 of theshrinkage approach states that a Bayesian investor, facing uncertainty about an asset-pricingmodel, assigns aweight between theunrestricted estimate and the
e restricted by the asset-pricing model. The weight is the shrinkage factor (Wang, 2005).
ICAPMmodel is valid if the estimates of the interceptβ^, are zero. An intercept different fromzero, even if insigniﬁcant,will lead tomistrust in thepredictionof ICAPM.
Appendix A.1 for a linear regression model.
atistics b 1.96 at 5% conﬁdence interval.
atistics ≥ 1.96 at 5% conﬁdence interval.
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approach.
3.2.5.1. The prior15. In the Bayesian analysis, there is prior (non-data) belief in the model: i.e., belief in a zero intercept and no
mispricing. The prior is updated using returns data to a certain extent, depending on the chosen degree of mistrust in the model.
The sample mispricing β, is shrunk towards the prior mean of β to obtain the posterior mean of β.
I use a natural conjugate prior,1615 Past
increasi
16 Refep β; hð Þ ¼ p βð Þp hð Þ ð13Þwhere p(β, h) is a Normal density and p(h) is a Gamma density.p βð Þ ¼ 1
2πð Þk2
Vj j−12 exp −1
2
β−β
 0
V−1 β−β
  	
ð14Þp hð Þ ¼ c−1G h
v−2
2 exp
−hν
2s−2
 
ð15ÞwhereV is a k X k positive deﬁnite prior covariancematrix,ν is degrees of freedom, s2s2 is standard error, error precisionh ¼ 1
σ2
, and cG
is the integrating constant for the Gamma probability density function.
3.2.5.2. The posterior. Based on the prior distribution above and the likelihood function (Appendix A.2), the posterior distribution can
be written as:p β; hjyð Þ∝ exp −1
2
h y−Xβð Þ0 y−Xβð Þ þ β−β
 0
V−1 β−β
 n o 	
 
h
Nþν−2
2 exp
−hν
2s−2
 	
: ð16ÞThe detailed derivation is presented in Appendix A4. A posterior simulator called the Gibbs sampler uses conditional posteriors
(A13) and (A15) to produce random draws, β(s) and h(s)for s = 1,2,…,S, which are used to study posterior properties.
3.2.5.3. The Gibbs sampler. Let θ be a P-vector of parameters and p(y|θ), p(θ) and p(θ|y) are the likelihood, prior and posterior,
respectively.
The Gibbs sampler involves the following steps:
Step 0: Choose a starting value, θ(0).
For s= 1,…,S:
Step 1: Take a random draw θ(1)
(s) from p(θ(1)|y, θ(2)
(s − 1), θ(3)
(s − 1), …, θ(B)
(s − 1)).
Step 2: Take a random draw, θ(2)
(s) from p(θ(2)|y, θ(1)
(s) , θ(3)
(s − 1), …, θ(B)
(s − 1)).
Step 3: Take a random draw, θ(3)
(s) from p(θ(3)|y, θ(1)
(s) , θ(2)
(s) , θ(4)
(s − 1) …, θ(B)
(s − 1)).
…
Step B: Take a random draw, θ(B)
(s) from p(θ(B)|y, θ(1)
(s) , θ(2)
(s) , θ(4)
(s) …, θ(B − 1)
(s) ).
Following these steps will yield a set of S draws, θ(s) for s= 1, …, S. Drop the ﬁrst S0 of these to eliminate the effect of θ(0) and
average the remaining draws S1 to create estimates of posterior features of interest. In my empirical estimation, I discard an initial
S0 = 1000 burn-in replications and include S1 = 1000 replications.μ ¼ 1
S1
XS
s¼S0þ1
θ sð Þ ð17Þcov θjyð Þ ¼ 1
S1−1
XS
s¼S0þ1
θ sð Þ−μ
 
θ sð Þ−μ
 0 ð18Þor (2000) states that his Bayesianmethodology allows the investor to include prior information about the residual covariancematrix of asset returns. By simply
ng the degrees of freedom in the prior distribution of the residual covariance matrix, the sample matrix can be shrunk arbitrarily to a matrix speciﬁed a priori.
r to Koop (2003) for details.
299A.V. Mishra / Journal of Empirical Finance 34 (2015) 293–3123.2.5.4. Prediction and optimal weights. The predictive density is calculated as17 Amp yjy  ¼ ∬p yjy;β;h p β;hjyð Þdβdh ð19Þ
I employ different degrees of mistrust in the ICAPM by employing different standard errors of intercept, and compute optimal
weights.
The Bayesian mean-variance optimal weights are computed as:w ¼ ∑
−1μ
1N
0∑−1μ
ð20Þwhere μ* is predictive mean and∑⁎− 1 is variance obtained from the Bayesian approach.
3.2.6. Bayesian multi-prior approach
Garlappi et al. (2007) impose an additional constraint on the mean-variance portfolio optimization that restricts the expected
return for each asset to lie within a speciﬁed conﬁdence interval of its estimated value, and introduces an additional minimization
over the set of possible expected returns subject to the additional constraint.
Upon imposing above restrictions, the mean variance model becomesmax
w
min
μ
w0μ−
γ
2
w0∑w ð21Þsubject tof μ; μ^;∑ð Þ≤ε ð22Þ
and
w01N ¼ 1: ð23ÞIn Eq. (23), f(.) is a vector-valued function that characterizes the constraint and ε is a vector of constants that reﬂects both investor
ambiguity and aversion to ambiguity.
The optimal portfolio is given byw ¼ σ

pﬃﬃﬃﬃ
χ
p þ γσ p
∑−1 μ^−
1
A
B−
ﬃﬃﬃﬃ
χ
p þ γσ P
σP
 
1N
 	
ð24Þwhereχ ¼ ε T−1ð ÞN
T T−Nð Þ ð25Þ
T is the number of observations in our sample and N is the number of assets.
A ¼ 1TN∑−11N ð26ÞB ¼ μ^ 0∑−11N ð27Þ
C ¼ μ^ 0∑−1μ^ ð28Þσp⁎ is positive real root obtained from the following equation,Aγ2σ4p þ 2Aγ
ﬃﬃﬃﬃ
χ
p
σ3p þ Aχ−AC þ B2−γ2
 
σ2p−2γ
ﬃﬃﬃﬃ
χ
p
σp−χ ¼ 0 ð29ÞThe optimal portfolio of an investor who is averse to parameter uncertainty can also be written as17wAA εð Þ ¼ AA εð ÞwMIN þ 1−AA εð ÞwMV½ ð30Þong others, Jagannathan and Ma (2003) and Ledoit and Wolf (2003) obtain portfolio weights by shrinking the covariance matrix.
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T−1ð ÞN
s18 Wa
19 I als
bias me
20 The
21 Wa
the fore
intermeε
T T−Nð ÞAA εð Þ ¼
γσ p þ
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
ε
T−1ð ÞN
T T−Nð Þ
s ð31ÞwherewMIN ¼
1
A
∑−11N is the minimum variance portfolio weight: ð32Þ
wMV ¼
1
γ
∑−1 μ^−μ^01Nð Þis themean‐varianceportfolioweightformedusingmaximumlikelihoodestimatesof expectedreturns:
ð33Þ
μ^ is the vector of true expected returns
μ^0 is the expected return on a ‘zero-beta’ portfolio.The optimal portfolio of an investor who is averse to parameter uncertainty18 can also be written aswBS εð Þ ¼ BS εð ÞwMIN þ 1−BS εð ÞwBS½ ð34ÞwherewBS is the Bayes Stein portfolio weight.
Following Jorion (1986), I use the following shrinkage estimator for the expected return and covariance matrix:μBS ¼ 1−BSÞμ^ þ BSμMIN1Nð ð35Þ∑BS ¼∑ 1þ
1
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ð36Þwhere μ^ is the samplemean, μMIN is themean of theminimum-variance portfolio,φBS is the shrinkage factor for themean, and νμ is the
precision of the prior on μ:BS ¼
νμ
T þ νμ
ð37Þ
νμ ¼
N þ 2
μ^−μMINð Þ
0
∑−1 μ^−μMINð Þ
: ð38Þ4. Data and variables
4.1. Data
I employ weekly MSCI US $ denominated returns for 42 countries and the world market for the period from January 1997 to
December 2011.19 Theweekly risk-free rate is the treasury bill rate from Ibbotson andAssociates.20 I calculate actual portfolioweights
based on the foreign portfolio assets and liabilities reported in IMF's Coordinated Portfolio Investment Survey (CPIS) dataset.21 In 1992
the International Monetary Fund (IMF) published the Report on the Measurement of International Capital Flows (the Godeaux Report),
which evaluates the statistical practices related to themeasurement of international capital ﬂows and addresses the principal sources
of statistical discrepancies in the component categories of capital account in the global balance of payments. In 1997 IMF conducted
the ﬁrst coordinated portfolio investment survey (CPIS), in which 29 countries participated. CPIS reports data (in US currency) on
foreign portfolio asset holdings (divided into equity, long term debt, and short term debt) by the residence of the holder. CPIS
exchanges bilateral data among participating and other countries, which enables them to improve their statistics on the non-residentng (2005) employs a shrinkage approach to examine the empirical implications of aversion to model uncertainty.
o employmonthlyMSCI US $ denominated returns for 46 countries and the worldmarket over the period January 1997 to December 2011 and construct home
asures (Table 5) as a robustness check.
weekly treasury bill rate is from http://mba.tuck.darmouth.edu/pages/faculty/ken.french/data_library.html.
rnock and Cleaver (2003) show that capital ﬂows data are ill suited to estimate bilateral holdings because they track the ﬂow of money between countries, and
ign country identiﬁed in ﬂows data is that of the transactor or intermediary, not the issuer of security. Capital ﬂows data will produce incorrect estimates when
diary and issuer countries differ.
301A.V. Mishra / Journal of Empirical Finance 34 (2015) 293–312holdings of their portfolio investment liabilities, and associated ﬁnancial ﬂows and investment income data. In 2001 IMF conducted a
second CPIS; after that it was provided annually.
CPIS data has a few caveats. The data collection approach varies by country, including whether to conduct the survey at the
aggregate or security-by-security level, whether to survey end investors or custodians, andwhether to make participation in the
survey compulsory or mandatory. CPIS does not address the issue of third country holdings (securities issued by country B and
held by a resident of country A in an institution residing in country C), particularly with regard to ﬁnancial centres such as
Luxembourg, Ireland, Bermuda, Cayman Islands, Panama, the Netherlands Antilles and Guernsey. Sercu and Vanpee (2008)
state that at the end of 2001, 13% of worldwide foreign investments were held in three ﬁnancial centres: Luxembourg (8%),
Bermuda (3%) and Ireland (2%). The total amount of these investments is far greater than the total market capitalization of
the off-shore ﬁnancial centres' stock and bond markets, meaning that they serve as agents for funds invested elsewhere. CPIS
does not provide a currency breakdown and does not identify domestic security holdings.
I estimate the domestic equity holdings of a country by differencingmarket capitalization and equity liabilities. Market capitalization
data is from Standard and Poor's (2012).
4.2. Variables that inﬂuence home bias
I employ determinants of home bias from standard literature. (1) Trade is sum of exports and imports of goods and services,
measured as a share of gross domestic product. Lane and Milesi-Ferreti (2008) state that bilateral equity investment is strongly
correlated with underlying patterns of trade in goods and services. Trade is expected to have a negative impact on home bias.
(2) Foreign listing (Forlist) is ratio of the total value of cross-listed shares on the stock market of country i (Vforlisti) and the total
value of the world stock market. Forlist is expressed as a percentage.22 Dur
equity h
million
2008. Fo
23 WoForlist ¼ Vforlisti
Vworld
ð39ÞAhearne et al. (2004) observe that foreign countrieswhose ﬁrms do not alleviate information costs by opting into theUS regulatory
environment are more severely underweighted in US equity portfolios. Foreign listing is expected to have a negative impact on home
bias. (3) Beta is end-of-year global market betas, estimated from weekly return data. Baele et al. (2007) ﬁnd a negative relationship
between betas andhomebias. (4) Idiosyncratic risk is thevariance of residuals from the ICAPMregressionsperformed on the respective
country's returns. Idiosyncratic risk represents country-speciﬁc risk. Baele et al. (2007) state that investors limited to their home
market bear not only systematic risk but also country-speciﬁc risk. Since country-speciﬁc risk is not compensated by higher expected
returns, investors tend to diversify internationally, leading to a decrease in home bias. However, diversiﬁcation may lead to lower
averages (for example, see Baele et al., 2007, p. 621) of country-speciﬁc risk. If the latter effect dominates the former, then one
would expect a positive association between home bias and country-speciﬁc risk. (5) Global Financial Crisis is a dummy = 1 during
the period of global ﬁnancial crisis (2008, 2009), otherwise 0 (2001 to 2007; 2010, 2011).22 (6) Inﬂation is the year-to-year percentage
change in the consumer price index. Investors in different countries consume different bundles of goods.With uncertainty about future
inﬂation rates, they are inclined to hold portfolios that differ by a component designed to hedge portfolio risk (Adler and Dumas, 1983;
Stulz, 1981). Thus, home biasmay be explained if domestic equities provide a hedge against inﬂation risk. On the contrary, Cooper and
Kaplanis (1994) ﬁnd that home bias cannot be explained by either inﬂation hedging or direct observable costs of international invest-
ment unless investors have very low levels of risk aversion. (7) Natural resources rents is the sum of oil rents, natural gas rents, coal
rents (hard and soft),mineral rents, and forest rents,measured as a share of gross domestic product. Anyanwu (2012)ﬁnds that natural
resource endowment and exploitation attract huge FDI. Acharya et al. (2007) provide a theoretical framework which implies that FDI
ﬂows surge precisely when there is an outﬂow of portfolio capital. An increase in natural resources rents in the source country leads to
an increase in FDI inﬂows and outﬂows of portfolio investment. Thus, an increase in natural resources rent may lead to a reduction in
home bias. (8) Size is the log value of the origin country's market share of world market capitalization. Size is expected to have a
positive impact on home bias, as larger countries have better diversiﬁcation opportunities at home. If an investor's local market's
share of world capitalization increases, then the investor would decrease his or her foreign investment (see Amadi, 2004, p. 16).
(8) Institutional Quality is a government effectiveness23 indicator which captures perceptions of the quality of civil services, public
services, independence from political pressures and the credibility of the government's commitments. Kho et al. (2009) state that
poor governance leads to concentrated insider ownership, so that governance improvementsmake it possible for corporate ownership
to becomemore dispersed and for home bias to fall. Institutional Quality is expected to have a negative impact on home bias. Appendix
Table A.1 lists the data sources of these variables.
4.3. Summary statistics and correlation
Table 1 illustrates summary statistics. The traditional home bias measure ranges from 0.3695 for Austria to 0.9997 for Philippines.
Across all portfolios, the traditional home bias measure has a mean of 0.7737. The coefﬁcient of the trade variable has a mean ofing the global ﬁnancial crisis, cross border equity holdings fell quite signiﬁcantly during 2008 and then recovered (only partly) in 2009. For example, UK foreign
oldingswere US $ 1508710million in 2007, US $ 824,018.5million in 2008, and US $ 1,079,254million in 2009. US equity holdings abroadwere US $ 5,247,983
in 2007, US $ 2,748,428million in 2008, and US$ 3,995,298million in 2009. Foreign equity holdings of one country in other individual countries also fell during
r instance, US foreign equity holdings in Australia were US $ 138,096 million in 2007, US $ 65,239 million in 2008 and US $ 127872 million in 2009.
rld Bank's Worldwide Governance Indicator (www.govindicators.org).
Table 1
Summary statistics.
Variables Observations Mean Standard deviation Minimum Maximum
ICAPM home bias 459 0.7737 0.2050 0.3695 0.9997
Trade 460 0.8017 0.4625 0.2722 2.0385
Foreign listing 444 1.0872a 1.7055a 0a 5.9318a
Beta 461 0.8817 0.2883 0.2900 1.3800
Idiosyncratic risk 461 15.4847a 13.1503a 2.7296a 51.0878a
Inﬂation 442 4.0295a 5.0063a −3.0600a 54.4000a
Natural resources rents 461 0.0519 0.0775 0 0.4792
Size 459 −5.1225 1.5555 −9.5223 −0.7002
Institutional quality 461 0.9537 0.9046 −1.1891 2.4296
Note: ICAPMhome bias is absolute home biasmeasure computed as per the ICAPMmodel. Trade is sum of exports and imports of goods and servicesmeasured as a share of
gross domestic product. Foreign listing is ratio of total value of cross-listed shares on the stock market of country i and total value of world stock market. Foreign listing is
expressed in percent. Beta is end-of-year global market betas estimated from weekly return data. Idiosyncratic risk is variance of residuals from the ICAPM regressions.
Inﬂation is year-to-year percentage change in consumer price index. Natural resources rents is the sum of oil rents, natural gas rents, coal rents (hard and soft), mineral
rents, and forest rents measured as a share of gross domestic product. Size is log value of country's market share of world market capitalization. Institutional quality is
government effectiveness indicator which captures perceptions of the quality of civil services, public services, independence from political pressures and credibility of
government's commitment to such policies.
a Indicates that variables are expressed in percent.
302 A.V. Mishra / Journal of Empirical Finance 34 (2015) 293–3120.8017. The coefﬁcient of the foreign listing variable has a mean of 1.0872%. Table 2 presents the correlation matrix for the variables
used in this paper. Trade, foreign listing, beta, size and institutional quality variables have negative correlations with home bias
measures; idiosyncratic risk, natural resources rents and inﬂation variables have positive correlations. The correlation matrix does
not indicate serious correlation among variables.
5. Validity of ICAPM and home bias measures
5.1. Validity of ICAPM
Previous studies employ traditional home bias measure based on ICAPM.24 The traditional model-based ICAPM predicts that an
investor should hold equities from a country as per that country's share of world market capitalization. In this Section 1 test the
credibility of the model by conducting tests of ICAPM for each country. Table 3 illustrates the OLS regressions results for Eq. (13).25
I ﬁnd that F statistics testing the joint signiﬁcance of all the intercepts β together turn out to be statistically signiﬁcant at a 1% level
of conﬁdence. I ﬁnd that t26 statistics on intercept β are individually statistically signiﬁcant for Hungary, Japan, Korea, Netherlands,
Portugal, Spain and Thailand. I cannot reject ICAPM for 35 out of 42 countries. Intercepts are positive and insigniﬁcant in 23 countries.
Positive intercepts β, if taken seriously, make domestic investment more attractive to investors who have incomplete trust in ICAPM,
and therefore lead to lower equity home bias measures. Eleven countries have negative and insigniﬁcant intercepts β indicating, if
taken seriously, that investors take a domestic position that is lower than the country's weight in the global market portfolio. In the
Bayesian approach, I take t statistics on the intercepts as the degree of mistrust in ICAPM.27 A high degree of mistrust implies that
optimal weights will deviate more from ICAPM, towards a data-based mean variance framework.
5.2. Home bias measures
Table 4 illustrates the home bias measures for end of year 2011, using various approaches including ICAPM, classical mean-
variance, minimum-variance, Bayes–Stein, Bayesian, multi-prior correction to data, multi-prior correction to Bayes–Stein and
multi-prior correction to Bayesian. I allow short sales in models. In column (1), the ICAPM home bias measure indicates that some
countries are found to exhibit very high home bias: Philippines (0.9997), India (0.9986), Turkey (0.9983), Pakistan (0.9962),
Indonesia (0.9961) and Russia (0.9914). High home bias indicates that investors predominantly invest in domestic markets. Some
countries are found to exhibit low home bias, including Norway (0.2536) and Netherlands (0.3285).
Column (2) illustrates the data-based mean-variance approach. There are changes in values of home bias as computed by ICAPM
and mean-variance. For instance, as per ICAPM, home bias for US is 0.6118, but as per mean-variance home bias is 0.6418. For UK,
ICAPMhome bias is 0.5629 andmean-variance home bias is 0.5003. Some countries are found to exhibit very high home bias, including
Philippines, India, Turkey and Pakistan in accordance with ICAPM calculations.
Column (3) illustrates the minimum-variance home bias measure in which individual security weights are independent of expected
returns. Column (5) illustrates the Bayes–Stein home biasmeasures. A comparison of home biasmeasures usingminimum-variance and
Bayes–Stein reveals a slight variation for a few countries, including US, UK, Switzerland, Sweden, Norway, Netherlands, Japan, Germany
and Denmark.24 Ahearne et al. (2004) and others.
25 I use weekly data from 3 January 1996 to 25 December 1996 for each country to compute the Bayesian prior information.
26 t statistics on the intercepts are based on Newey–West standard errors.
27 I thank the reviewer for his suggestion.
Table 2
Correlation.
ICAPM
home bias
Trade Foreign
listing
Beta Idiosyncratic
risk
Inﬂation Natural
resources rents
Size Institutional
quality
ICAPM home bias 1
Trade −0.2696 1
Foreign listing −0.4095 −0.1706 1
Beta −0.1744 −0.0459 0.2132 1
Idiosyncratic risk 0.6351 −0.0477 −0.4885 0.1091 1
Inﬂation 0.3971 −0.2261 −0.2814 −0.0680 0.4514 1
Natural resources rents 0.3663 −0.1374 −0.3024 −0.0932 0.4421 0.3856 1
Size −0.1794 −0.1944 0.4596 0.4178 −0.3570 −0.3058 −0.1077 1
Institutional quality −0.5349 0.3269 0.4076 0.1974 −0.4136 −0.4042 −0.4455 0.3762 1
Note: ICAPMhome bias is absolute home biasmeasure computed as per the ICAPMmodel. Trade is sum of exports and imports of goods and servicesmeasured as a share of
gross domestic product. Foreign listing is ratio of total value of cross-listed shares on the stockmarket of country i and total value of world stockmarket. Beta is end-of-year
global market betas estimated fromweekly return data. Idiosyncratic risk is variance of residuals from the ICAPM regressions. Inﬂation is year-to-year percentage change in
consumer price index. Natural resources rents is the sum of oil rents, natural gas rents, coal rents (hard and soft), mineral rents, and forest rentsmeasured as a share of gross
domestic product. Size is log value of origin country'smarket share of worldmarket capitalization. Institutional quality is government effectiveness indicatorwhich captures
perceptions of the quality of civil services, public services, independence from political pressures and credibility of government's commitment to such policies.
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t-statistics of the estimates of intercepts reported in Table 3. Column (7) illustrates home biasmeasures using the Bayesian approach.
I ﬁnd slightly lower values compared with ICAPM home bias measures, for several countries in our sample.
Bayesian estimates may lead to occasionally unstable portfolio weights and home biasmeasures. I apply the multi-prior approach
of Garlappi et al. (2007) to account for volatility correction in weights estimated by the Bayesian approach. Column (8) illustrates
home bias measures using the multi-prior approach.
I also use the multi-prior approach of Garlappi et al. (2007) to impose an additional constraint on mean-variance portfolio
optimization that restricts the expected return for each asset to lie within a speciﬁed conﬁdence interval of its estimated
value, and introduce an additional minimization over the set of possible expected returns subject to the additional constraint.
Column (4) computes multi-prior return-based home bias measures for an investor who is averse to parameter uncertainty
and whose optimal portfolio weights are based on minimum-variance andmean-variance as per Eq. (31). Column (6) computes
multi-prior return-based home bias measures for an investor who is averse to parameter uncertainty and whose optimal portfolio
weights are based on minimum-variance and mean-variance as per Eq. (35). For some emerging economies like India, Philippines
and Turkey, home bias is extreme and not much affected by the way it is measured.28
Appendix Table A.2 illustrates the correlation matrix of eight weekly home bias measures. I ﬁnd that home bias measures are highly
correlated. I apply principal component analysis and extract one principal component from eight weekly home bias measures.29 The
regression results of the principal component on plausible sources of home bias are illustrated in Table 6 (columns (1) to (6)).
As a robustness check for themeasures illustrated in Table 4, I also calculate various home biasmeasures usingmonthlyMSCI US $
denominated returns for 42 countries and the world market from January 1997 to December 2011. Table 5 illustrates the home bias
measures for the end of 2011, using the same eight approaches as before.30 I ﬁnd lower values for Bayesian home bias measures
compared to ICAPM for several countries in our sample, in accordance with the results of Table 4. Bayesian and ICAPM home
bias measures appear to be similar for countries (India, Indonesia, Pakistan and Turkey). I ﬁnd that monthly home bias measures
are highly correlated.31 I apply principal component analysis and extract one principal component from eight monthly home
bias measures.32 The regression results of principal component on plausible sources of home bias are illustrated in Table 6
(columns (7) to (12)).
I would like to provide a qualitative comparison of variousmethods employed tomeasure home bias. Themean variance approach
uses data for the ﬁrst and second sample moments and completely ignores the potential usefulness of an asset-pricing model. The
minimum variance frontier comprises all portfolios that have a minimum estimated variance regardless of expected return. Global
minimum variance portfolios are suitable for investors who focus on low-risk stocks because minimum variance portfolios exploit
correlations with the sole objective of lowering risk. The Bayes–Stein approach imposes the assumption that all assets have the
same expected return, irrespective of their risk proﬁle, and in the case of the Bayes Stein estimation,mean-variance efﬁcient portfolios
are shrunk towards the minimum variance portfolio. In a Bayesian approach, the tangency portfolio is shrunk towards the market28 Home bias measure plots for 42 countries are available from author.
29 The eight weekly home bias measures are ICAPM, classical mean-variance, minimum-variance, multi-prior correction to data based approach, Bayes–Stein, multi-prior
correction to the Bayes–Stein based approach, Bayesian, and multi-prior.
30 I use monthly MSCI US $ denominated returns for each country and the worldmarket over the period from 31 January 1995 to 31 December 1996 to compute the
Bayesian prior information. I allow short sales in models.
31 Correlation matrix of monthly home bias measures is available from author on request.
32 8 monthly home bias measures are ICAPM, classical mean-variance, minimum-variance, multi-prior correction to data based approach, Bayes–Stein, multi-prior
correction to the Bayes–Stein based approach, Bayesian, and multi-prior.
Table 3
ICAPM tests.
Country Intercept
β
t statistics Beta
βD
t statistics
Argentina 0.097 0.224 1.018*** 3.039
Australia −0.001 −0.008 0.875*** 3.643
Austria −0.092 −0.467 0.236** 2.145
Belgium −0.008 −0.065 0.548*** 5.520
Brazil 0.437 1.166 0.537** 2.269
Canada 0.230 1.453 0.975*** 6.808
Colombia −0.052 −0.157 0.722** 2.152
Czech Republic 0.322 0.949 0.072 0.266
Denmark 0.178 1.229 0.295*** 2.904
Egypt 0.594 1.503 −0.022 −0.069
Finland 0.309 1.290 0.708** 2.338
France 0.114 0.898 0.825*** 8.679
Germany 0.016 0.145 0.479*** 4.036
Greece −0.053 −0.228 −0.260 −1.126
Hong Kong 0.260 1.086 1.375*** 3.941
Hungary 1.184** 2.060 0.616 1.008
India −0.205 −0.371 0.263 0.732
Indonesia 0.251 0.715 0.782** 2.580
Israel −0.347 −1.093 1.166*** 3.040
Italy −0.029 −0.106 1.078*** 4.568
Japan −0.545** −2.514 0.802*** 4.308
Korea −1.063** −2.552 0.450 1.276
Malaysia 0.207 1.277 0.675*** 5.508
Mexico 0.077 0.216 0.933*** 3.670
Netherlands 0.202* 1.809 0.614*** 3.511
New Zealand 0.086 0.370 0.454** 2.054
Norway 0.241 1.238 0.424** 2.570
Pakistan −0.529 −0.893 0.927** 2.227
Philippines 0.164 0.494 0.490 1.446
Poland 0.665 1.887 0.471 0.883
Portugal 0.446** 2.340 −0.245* −1.890
Russia 1.450 1.257 1.621 1.466
Singapore −0.322 −1.377 0.535** 2.104
South Africa −0.606 −1.621 0.407 1.551
Spain 0.408* 1.967 0.574*** 3.055
Sweden 0.335 1.358 0.956*** 4.813
Switzerland −0.151 −0.506 0.353 1.388
Thailand −1.133*** −2.757 1.304*** 4.713
Turkey 0.388 0.671 1.014** 2.166
UK 0.178 1.315 0.647*** 5.193
US 0.158 1.600 1.362*** 16.298
Venezuela 1.057 1.369 0.964** 2.205
F = 1.68***
(0.0042)
Note: Ordinary least square regressions of excess domesticmarketweekly returns on a constant and excessworldmarketweekly return. Interceptβ, t-statistics ofβ, betaβD,
t-statistics of beta are reported. t-statistics are based on Newey-West standard errors. F statistics above is for the null hypothesisH0 : β1 = β2 = … = β42 = 0. *,** and ***
are signiﬁcance levels at 1%, 5% and 10%, respectively.
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mistrust in CAPM. I ﬁnd slightly lower values of Bayesian home bias measures compared with ICAPM for several countries in our
sample. I also ﬁnd that for a few countries there is not much change in home bias measures using the various models.
Portfolio managers use different approaches. Passive managers employ CAPM to invest in an index fund. Active managers
investing in various asset classes use various mean-variance optimization techniques. Active management may include fundamental
analysis, technical analysis and macroeconomic analysis.6. Econometric issues and empirical results
6.1. Econometric issues
I choose the Arellano–Bover/Blundell–Bond linear dynamic panel-data estimation for two reasons: to account for country speciﬁc
heterogeneity, and to control for a simultaneity bias caused by the possibility that some of the explanatory variables are endogenous.
Table 4
Home bias measures (weekly).
Country ICAPM
(1)
Mean variance
(2)
Minimum variance
(3)
MPC1
(4)
Bayes–Stein
(5)
MPC2
(6)
Bayesian
(7)
MPC
(8)
Argentina 0.7916 0.7884 0.7877 0.7883 0.7834 0.7860 0.7869 0.7879
Australia 0.7552 0.7756 0.7781 0.7760 0.7581 0.7706 0.7562 0.7570
Austria 0.4036 0.4141 0.4092 0.4133 0.3922 0.4026 0.3877 0.3899
Belgium 0.4226 0.4604 0.4483 0.4584 0.4155 0.4357 0.4081 0.4110
Brazil 0.9820 0.9834 0.9834 0.9834 0.9815 0.9827 0.9820 0.9822
Canada 0.7034 0.7131 0.7226 0.7147 0.7090 0.7173 0.7079 0.7095
Colombia 0.9631 0.9604 0.9611 0.9606 0.9621 0.9615 0.9628 0.9626
Czech Republic 0.8239 0.7310 0.7346 0.7316 0.7478 0.7400 0.7535 0.7531
Denmark 0.4512 0.3403 0.3642 0.3444 0.4442 0.3986 0.4410 0.4405
Egypt 0.9816 0.9806 0.9807 0.9806 0.9812 0.9809 0.9814 0.9813
Finland 0.3894 0.4109 0.4093 0.4106 0.3662 0.3929 0.3743 0.3783
France 0.6345 0.6788 0.6815 0.6793 0.6399 0.6662 0.6346 0.6377
Germany 0.4609 0.5429 0.5383 0.5421 0.4629 0.5111 0.4564 0.4609
Greece 0.6790 0.6882 0.6856 0.6878 0.6712 0.6801 0.6721 0.6731
Hong Kong 0.7985 0.8079 0.8077 0.8079 0.8068 0.8073 0.8045 0.8046
Hungary 0.6316 0.6500 0.6499 0.6499 0.6105 0.6352 0.6210 0.6238
India 0.9986 0.9986 0.9986 0.9986 0.9986 0.9986 0.9986 0.9986
Indonesia 0.9961 0.9963 0.9963 0.9963 0.9960 0.9962 0.9961 0.9961
Israel 0.7296 0.6954 0.6964 0.6956 0.7240 0.7080 0.7253 0.7253
Italy 0.3902 0.4006 0.3883 0.3986 0.3847 0.3869 0.3782 0.3828
Japan 0.7916 0.7664 0.7599 0.7653 0.8069 0.7811 0.8045 0.8042
Korea 0.9108 0.9145 0.9150 0.9146 0.9093 0.9128 0.9101 0.9109
Malaysia 0.9300 0.9242 0.9240 0.9242 0.9268 0.9251 0.9256 0.9254
Mexico 0.9395 0.9409 0.9419 0.9411 0.9374 0.9402 0.9385 0.9387
Netherlands 0.3285 0.3836 0.3732 0.3819 0.3177 0.3523 0.3092 0.3143
Norway 0.2536 0.3130 0.3113 0.2299 0.2484 0.2052 0.2445 0.2429
New Zealand 0.6500 0.6171 0.6114 0.6767 0.6421 0.6633 0.6394 0.6423
Pakistan 0.9962 0.9959 0.9959 0.9959 0.9962 0.9960 0.9962 0.9962
Philippines 0.9997 0.9996 0.9996 0.9996 0.9996 0.9996 0.9996 0.9996
Poland 0.9410 0.9437 0.9431 0.9436 0.9386 0.9414 0.9397 0.9401
Portugal 0.3825 0.3228 0.3102 0.3206 0.2955 0.2189 0.3005 0.2967
Russia 0.9914 0.9915 0.9915 0.9915 0.9909 0.9913 0.9914 0.9914
South Africa 0.8564 0.7727 0.7717 0.7684 0.7716 0.7704 0.7687 0.7692
Singapore 0.5034 0.2915 0.2961 0.3050 0.2802 0.2938 0.2927 0.2947
Spain 0.8923 0.8932 0.8964 0.8937 0.8926 0.8949 0.8917 0.8924
Sweden 0.5035 0.5645 0.5660 0.5647 0.4956 0.5406 0.4915 0.4975
Switzerland 0.4614 0.3818 0.3785 0.3893 0.4649 0.3482 0.4606 0.4611
Thailand 0.9733 0.9743 0.9742 0.9743 0.9733 0.9739 0.9729 0.9730
Turkey 0.9983 0.9984 0.9984 0.9984 0.9983 0.9983 0.9983 0.9983
UK 0.5629 0.5003 0.4793 0.4970 0.5671 0.5181 0.5639 0.5656
US 0.6118 0.6418 0.6327 0.6404 0.7421 0.6856 0.7360 0.7382
Venezuela 0.9876 0.9868 0.9866 0.9868 0.9878 0.9871 0.9876 0.9874
Note: Homebiasmeasures are for end of year 2011. Homebiasmeasures are computed fromweekly data. Homebiasmeasures for remaining years vary. ICAPM is homebias
measure using ICAPM framework. Mean Variance is home bias measure as per Mean-Variance framework. Minimum Variance is home bias measure as per Minimum-
Variance model. Bayes-Stein is home bias measure computed using Bayes-Stein shrinkage factor model. Bayesian is home bias measure computed in Bayesian framework.
MPC1 is home biasmeasure as perMulti-Prior framework applied toMean-Variance data based approach.MPC2 is home biasmeasure usingMulti-Prior framework applied
to Bayes–Stein approach. MPC is home bias measure computed in Multi-Prior framework.
305A.V. Mishra / Journal of Empirical Finance 34 (2015) 293–312In these models, the unobserved panel-level effects are correlated with the lagged dependent variables, making standard estimators
inconsistent.
0
yit ¼ δyi;t−1 þ xitβ þ uit i ¼ 1; :::::::::;N t ¼ 2; ::::::::::::::T ð40Þwhere yit is the home biasmeasure, δ is a scalar, xit' is a 1 × K vector of explanatory variables and β is a K× 1 vector of parameters to be
estimated. The error term uit is composed of an unobserved effect and a time-invariant effect μi and random disturbance term νit.
Building on the work of Arellano and Bover (1995), Blundell and Bond (1998) propose a system estimator that uses moment
conditions in which lagged differences are used as instruments for the level equation in addition to the moment conditions of lagged
levels as instruments for the differenced equation. This estimator is designed for datasets with many panels and few periods; it
assumes that there is no autocorrelation in the idiosyncratic errors and requires the initial condition that the panel-level effects be
uncorrelated with the ﬁrst difference of the ﬁrst observation of the dependent variable.
6.2. Empirical results
Results from estimating versions of Eq. (40) by the Arellano–Bover/Blundell–Bond linear dynamic panel-data method with lags
(1) and AR(2) tests are reported for 2001–2011 in Table 6. I extract one principal component from eight weekly home bias measures
Table 5
Robustness: home bias measures (monthly).
Country ICAPM Mean variance Minimum variance MPC1 Bayes–Stein MPC2 Bayesian MPC
Argentina 0.7916 0.7845 0.7819 0.7840 0.7878 0.7845 0.7861 0.7877
Australia 0.7552 0.7449 0.7514 0.7463 0.7564 0.7535 0.7551 0.7551
Austria 0.4036 0.4736 0.4738 0.4736 0.3856 0.4394 0.3896 0.3884
Belgium 0.4226 0.4221 0.4128 0.4201 0.4088 0.4111 0.4095 0.4075
Brazil 0.9820 0.9837 0.9836 0.9837 0.9821 0.9830 0.9821 0.9822
Canada 0.7034 0.7288 0.7367 0.7306 0.7108 0.7262 0.7034 0.7029
Colombia 0.9631 0.9610 0.9616 0.9611 0.9631 0.9623 0.9629 0.9627
Czech Republic 0.8239 0.7948 0.7948 0.7948 0.8214 0.8071 0.8218 0.8211
Denmark 0.4512 0.3358 0.3791 0.3458 0.4420 0.4076 0.4444 0.4396
Egypt 0.9816 0.9811 0.9811 0.9811 0.9814 0.9812 0.9814 0.9814
Finland 0.3894 0.4266 0.4299 0.4273 0.3770 0.4085 0.3776 0.3809
France 0.6345 0.5660 0.5883 0.5711 0.6318 0.6112 0.6374 0.6386
Germany 0.4609 0.5362 0.5278 0.5344 0.4607 0.5013 0.4593 0.4587
Greece 0.6790 0.6966 0.6913 0.6955 0.6654 0.6807 0.6726 0.6730
Hong Kong 0.7985 0.8106 0.8074 0.8099 0.8039 0.8059 0.8036 0.8037
Hungary 0.6316 0.6803 0.6801 0.6802 0.6210 0.6573 0.6211 0.6254
India 0.9986 0.9986 0.9986 0.9986 0.9986 0.9986 0.9986 0.9986
Indonesia 0.9961 0.9963 0.9963 0.9963 0.9960 0.9962 0.9961 0.9961
Israel 0.7296 0.7052 0.7041 0.7050 0.7275 0.7146 0.7256 0.7254
Italy 0.3902 0.3846 0.3444 0.3762 0.3808 0.3605 0.3808 0.3836
Japan 0.7916 0.7764 0.7619 0.7734 0.8052 0.7825 0.8023 0.8028
Korea 0.9108 0.9147 0.9161 0.9150 0.9097 0.9135 0.9104 0.9111
Malaysia 0.9300 0.9198 0.9202 0.9199 0.9286 0.9240 0.9291 0.9289
Mexico 0.9395 0.9395 0.9418 0.9400 0.9389 0.9406 0.9385 0.9389
Netherlands 0.3285 0.4566 0.4379 0.4527 0.3196 0.3929 0.3133 0.3131
Norway 0.2536 0.3118 0.3144 0.3124 0.2345 0.2824 0.2358 0.2396
New Zealand 0.6500 0.6117 0.6028 0.6098 0.6412 0.6202 0.6451 0.6431
Pakistan 0.9962 0.9959 0.9959 0.9959 0.9962 0.9961 0.9962 0.9962
Philippines 0.9997 0.9997 0.9997 0.9997 0.9997 0.9997 0.9997 0.9997
Poland 0.9410 0.9447 0.9434 0.9444 0.9392 0.9417 0.9397 0.9402
Portugal 0.3825 0.3020 0.2828 0.2979 0.3663 0.3210 0.3719 0.3694
Russia 0.9914 0.9919 0.9919 0.9919 0.9914 0.9917 0.9914 0.9915
South Africa 0.8564 0.8475 0.8478 0.8476 0.8558 0.8513 0.8559 0.8564
Singapore 0.5034 0.5048 0.5091 0.5057 0.4950 0.5031 0.4932 0.4948
Spain 0.8923 0.8955 0.9012 0.8968 0.8917 0.8973 0.8921 0.8924
Sweden 0.5035 0.5851 0.5843 0.5849 0.4958 0.5507 0.4941 0.4968
Switzerland 0.4614 0.2694 0.3391 0.2858 0.4627 0.3982 0.4633 0.4568
Thailand 0.9733 0.9755 0.9754 0.9755 0.9724 0.9742 0.9729 0.9730
Turkey 0.9983 0.9984 0.9984 0.9984 0.9983 0.9983 0.9983 0.9983
UK 0.5629 0.4872 0.4690 0.4833 0.5667 0.5156 0.5619 0.5567
US 0.6118 0.4990 0.4563 0.4902 0.7427 0.6314 0.7343 0.7327
Venezuela 0.9876 0.9872 0.9871 0.9871 0.9871 0.9871 0.9876 0.9874
Note: Home bias measures are for end of year 2011. Home bias measures are computed from monthly data. Home bias measures for remaining years vary. ICAPM is
home bias measure using ICAPM framework. Mean Variance is home bias measure as per Mean-Variance framework. Minimum Variance is home bias measure as
per Minimum-Variance model. Bayes–Stein is home bias measure computed using Bayes–Stein shrinkage factor model. Bayesian is home bias measure computed in
Bayesian framework. MPC1 is home bias measure as per Multi-Prior framework applied to Mean-Variance data based approach. MPC2 is home bias measure using
Multi-Prior framework applied to Bayes Stein approach. MPC is home bias measure computed in Multi-Prior framework.
306 A.V. Mishra / Journal of Empirical Finance 34 (2015) 293–312and employ it as a dependent variable in Eq. (42). Columns (1) to (6) of Table 6 report regression results. I extract one principal
component from eight monthly home bias measures and employ it as a dependent variable in Eq. (42) Columns (7) to (12) of
Table 6 report regression results. The coefﬁcient of the trade variable showsmixed results. The coefﬁcient of foreign listing is negative
and signiﬁcant in all regressions. The reduction in information costs associatedwith a foreign country'sﬁrms conforming to the source
country's regulatory environment is an important determinant of the source country's equity bias towards the foreign country. The
result is in accordance with Ahearne et al. (2004). The impact of beta is negative and signiﬁcant in all regressions. Baele et al.
(2007) suggest that a negative relation between home bias and beta indicates that integrationmakes it possible for foreign countries
to participate in local equity markets. The coefﬁcient of idiosyncratic risk is positive and signiﬁcant in all regressions, implying higher
home bias. Idiosyncratic risk is country-speciﬁc and may not be compensated by higher expected returns; investors may diversify
globally to reduce it.33 The coefﬁcient of the inﬂation variable is insigniﬁcant.34 The coefﬁcient of natural resources rents is negative
and signiﬁcant. An increase in natural resources rents in the source country leads to an increase in FDI inﬂows and outﬂows in
portfolio investment; any increase in natural resources rents leads to a decrease in home bias. The size35 variable has a positive and33 In regression results not reported, I employ a correlation variable instead of beta and idiosyncratic risk. The correlation variable is the correlation of weekly returns
between country and world, from 1997 to 2011. Correlation appears to be negative and signiﬁcant. Results are available from author.
34 Cooper and Kaplanis (1994) ﬁnd that home bias cannot be explained by inﬂation hedging unless investors have very low levels of risk aversion.
35 I also employ the log value of the ﬁnancial wealth of a country as an alternative size variable. Results are similar; they are available from the author.
Table 6
Home bias results.
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)
Trade −0.643*
(0.087)
−0.793**
(0.030)
−0.619*
(0.052)
−0.424
(0.286)
−0.283
(0.437)
−0.436
(0.154)
−0.498
(0.264)
−0.748**
(0.032)
−0.751*
(0.066)
−0.058
(0.894)
−0.028
(0.953)
−0.266
(0.386)
Foreign listing −0.339**
(0.039)
−0.310**
(0.042)
−0.381**
(0.023)
−0.620***
(0.003)
−0.503***
(0.003)
−0.515***
(0.001)
−0.228* (0.065) −0.105*
(0.062)
−0.332*
(0.085)
−0.508***
(0.007)
−0.644***
(0.005)
−0.311***
(0.003)
Beta −0.645*
(0.061)
−0.632*
(0.066)
−0.621**
(0.031)
−0.756**
(0.011)
−0.701**
(0.015)
−0.749***
(0.003)
−0.752**
(0.025)
−0.734** (0.047) −0.742**
(0.012)
−0.801***
(0.000)
−0.789**
(0.031)
−0.797***
(0.000)
Idiosyncratic risk 0.056***
(0.007)
0.051***
(0.009)
0.051***
(0.001)
0.086***
(0.000)
0.053***
(0.000)
0.068***
(0.001)
0.085***
(0.001)
0.077***
(0.003)
0.075***
(0.001)
0.079***
(0.000)
0.113***
(0.000)
0.065***
(0.002)
Inﬂation 0.009
(0.613)
0.015
(0.498)
Natural resources rents −0.950***
(0.005)
−0.956**
(0.023)
Size 0.673***
(0.000)
0.481***
(0.000)
0.640***
(0.000)
0.648***
(0.000)
0.906***
(0.000)
0.596***
(0.000)
Global ﬁnancial crisis −0.146*
(0.063)
−0.165*
(0.059)
Institutional quality −0.406**
(0.048)
−0.433**
(0.042)
Observation 401 386 401 401 401 401 401 386 401 401 401 401
Wald Chi2 261.55***
(0.000)
291.26***
(0.000)
421.84***
(0.000)
307.72***
(0.000)
472.76***
(0.000)
375.16***
(0.000)
217.12***
(0.000)
237.29***
(0.000)
275.07***
(0.000)
376.83***
(0.000)
264.04***
(0.000)
387.89***
(0.000)
Arellano Bond Test m1 −3.639***
(0.000)
−3.348***
(0.000)
−3.548**
(0.000)
−4.194***
(0.000)
−4.122***
(0.000)
−4.251**
(0.000)
−3.244***
(0.001)
−2.992***
(0.002)
−3.185***
(0.001)
−3.436***
(0.000)
−3.658***
(0.000)
−3.561**
(0.000)
Arellano Bond Test m2 0.157
(0.874)
−0.102
(0.918)
0.168
(0.866)
0.407
(0.683)
0.250
(0.802)
0.422
(0.672)
1.254
(0.209)
1.116
(0.264)
1.292
(0.196)
1.532
(0.125)
1.563
(0.117)
1.633
(0.102)
Note: In columns (1) to (6), dependent variable is principal component extracted fromweekly home biasmeasures. In columns (7) to (12), dependent variable is principal component extracted frommonthly home bias measures.
Arellano-Bover/Blundell Bond Estimation with lags(1) and AR(2) tests. Arellano Bond test for no auto correlation. Lag value of home bias measure is not reported. Constant is not reported. P-values in brackets. Refer Appendix
Table A.1 for deﬁnition of Trade, Foreign listing, Beta, Idiosyncratic Risk, Inﬂation, Natural Resources Rents, Size, Global Financial Crisis, Institutional Quality. ***,** and * represent signiﬁcance level at 1, 5 and 10%, respectively.
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308 A.V. Mishra / Journal of Empirical Finance 34 (2015) 293–312signiﬁcant impact on homebias because larger countries have better diversiﬁcation opportunities at home. Amadi (2004) states that if
an investor's local market's share of world capitalization increases, then the investor would decrease his or her foreign investment.
The coefﬁcient for institutional quality36 is negative and signiﬁcant, indicating that countries with better corporate governance
have greater holdings abroad and thus exhibit lower home bias. The result is in accordance with Papaioannou (2009), who ﬁnds
that property rights and legal institutions that protect foreign investors against expropriation and contract repudiation are the
most signiﬁcant correlates of future bank lending. The coefﬁcient of global ﬁnancial crisis dummy variable is negative and signiﬁcant
because during the globalﬁnancial crisis cross border equity holdings, domesticmarket capitalization and foreign liability holdings fell
quite signiﬁcantly during 2008 and partially recovered in 2009. The Arellano–Bond test for serial correlation in the ﬁrst differenced
errors reported in Table 6 indicates that there is no autocorrelation of the second order.37
Overall, results indicate that foreign listing, idiosyncratic risk, beta, natural resources rents, size, the global ﬁnancial crisis and
institutional quality have signiﬁcant impact on home bias.7. Conclusion
In home bias studies, actual portfolio holdings are compared to a benchmark. Depending upon the benchmark weights, there are
two main approaches, model-based or return-based. These give different benchmark weights, and accordingly home bias measures
are quite different. The Bayesian framework, which considers both the ICAPM portfolio theory approach and the mean-variance
data based approach, is based on investors' degree of conﬁdence in the model-based approach.
This paper constructs measures of home bias for 42 countries by employing various approaches including the model based
portfolio theory, data based mean-variance, minimum-variance, Bayes–Stein, Bayesian that reﬂects mistrust in ICAPM and
the multi-prior approach that corrects uncertainty in sample estimates of returns and restricts the expected return for each
asset to lie within a speciﬁed conﬁdence interval of its estimated value. I ﬁnd slightly lower values for Bayesian home bias measures
as compared to ICAPM home bias measures for several countries in our sample. I also ﬁnd that for a few countries there is not much
change in home bias measures using various models.
The paper also investigates determinants of home bias for various measures, ﬁnding that country-speciﬁc idiosyncratic risk has a
positive and signiﬁcant impact on home bias. Foreign listing, natural resources rents and institutional quality play signiﬁcant roles in
decreasing home bias. There is ﬁnd mixed evidence for trade having a negative impact on home bias.
These ﬁndings have policy implications. Governments should promote cross border trade in goods and services which
indirectly improve cross border asset trade, and should aim at establishing well-functioning institutions to facilitate
cross-border portfolio investment. Policies should be devised to improve natural resources rents, as these indirectly
promote cross-border investment. Stockmarket regulation policies should aim at devising systems that promote investment through
foreign listing; these should be devised so that foreign portfolio investment remains aligned with on-going ﬁnancial integration.
Even if policy-induced barriers to equity ﬂows have been lifted, there remain substantial economic or market-inherent barriers
that tend to remain relevant and to affect the way in which ﬁnancial systems operate and integrate, even if economic policy has
reduced regulatory barriers to entry. Home bias still remains a puzzle.Acknowledgements
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for suggestions.Appendix A
A1. Regression model
A linear regression model takes the following form:36 I em
also em
corrupti
author.
37 The
Arellanoyi ¼ β þ β2xi2 þ…þ βkxik þ εi ðA1Þwhere yi is observed data on the dependent variable, xi is observed data on k explanatory variables, xi1,…,xik, for i = 1, …, N. xi1
is implicitly set to 1 to allow for an intercept. εi is an error term.ploy control of corruption from theWorld Bank's worldwide governance indicators (www.govindicators.org) as an alternative institutional quality variable. I
ploy average values of governance indicators (voice and accountability, political stability, rule of law, regulatory quality, government effectiveness and control of
on) from theWorld Bank's worldwide governance indicators as an alternative variable for institutional quality. Results are similar; they are available from the
moment conditions employed by the Arellano–Bover/Blundell–Bond method are valid only if there is no serial correlation in the idiosyncratic error. The
–Bond test is a test for no autocorrelation in linear dynamic panel models. In our regressions results, there is no autocorrelation of the second order.
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In matrix form, Eq. (A1) can be written in the following form:38 Refey ¼ Xβ þ ε ðA2ÞThe likelihood function is based on the following assumptions about ε and X:
(i) ε has amultivariate Normal distributionwithmean 0N and covariancematrixσ2IN, where 0N is anN− vector with all elements
equal to 0, and IN is the N × N identity matrix. ε is N(0N, h−1IN) where h= σ−2.
(ii) All elements of X are either ﬁxed or, if they are random variables, they are independent of all elements of εwith a probability
density function, p(X|λ), where λ is a vector of parameters that does not include β and h.
Using the deﬁnition of the multivariate Normal density, the likelihood function isp yjβ; hð Þ ¼ h
N
2
2πð ÞN2
exp −
h
2
y−Xβð Þ0 y−Xβð Þ
 	
 
: ðA3ÞA3. The prior
I use a natural conjugate prior,38p β; hð Þ ¼ p βð Þp hð Þ ðA4Þwhere p(β, h) is a Normal density and p(h) is a Gamma density.p βð Þ ¼ 1
2πð Þk2
Vj j−12 exp −1
2
β−β
 0
V−1 β−β
  	
ðA5Þ
p hð Þ ¼ c−1G h
v−2
2 exp
−hν
2s−2
 
ðA6ÞwhereV is a k × k positive deﬁnite prior covariancematrix,ν is degrees of freedom, s2 is standard error, error precisionh ¼ 1
σ2
, cG is an
integrating constant for the Gamma probability density function.
A4. The posterior
The posterior is proportional to the prior times the likelihood.
Multiply (A3), (A5) and (A6) and, ignoring terms that do not depend upon β and h, I getp β; hjyð Þ∝ exp −1
2
h y−Xβð Þ0 y−Xβð Þ þ β−β
 0
V−1 β−β
 n o 	
 
h
Nþν−2
2 exp
−hν
2s−2
 	
ðA7ÞIn Eq. (A7),h y−Xβð Þ0 y−Xβð Þ þ β−β
 0
V−1 β−β
 
¼ β−β 0V−1 β−β þ Q ðA8Þ
whereV ¼ V−1 þ hX0X
 −1 ðA9Þ
β ¼ V V−1β þ hX0y
 
ðA10Þr to Koop (2003) for details.
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and Plugging this expression into Eq. (A7) and ignoring the terms that do not involve β (including Q), I can write
p β; hjyð Þ∝ exp −1
2
β−β
 0V−1 β−β  	 ðA12Þ
which is kernel of a multivariate Normal density. In other words,
βjy;h  N β;V  ðA13Þ
p(h|y, β) is obtained by treating Eq. (A7) as a function of h.
p hjy;βð Þ∝h
Nþν−2
2 exp −
h
2
y−Xβð Þ0 y−Xβð Þ þ νs2
n o 	
ðA14Þhjy;β  G s−2;ν
 
ðA15Þ
where
v ¼ N þ ν ðA16Þ
and
s2 ¼ y−Xβð Þ0 y−Xβð Þ þ νs2
ν
ðA17ÞAppendix Table A.1. Data sources of variablesles Description and data sources
ional home bias An absolute home bias measure, computed as per the ICAPM model. Source: coordinated portfolio investment survey (CPIS),
author's own calculations.
variance home bias Computed based on the mean-variance approach. Source: CPIS, DataStream, author's own calculations.
um variance home Computed as per the minimum-variance framework. Source: CPIS, DataStream, author's own calculations.
–Stein home bias Computed as per the Bayes–Stein model. Source: CPIS, DataStream, author's own calculations.
ian home bias Computed in the Bayesian framework for prior of intercept in the ICAPM. Source: CPIS, DataStream author's own calculations.
prior (data based)
e bias
Multi-prior correction, as suggested by Garlappi et al. (2007) for a data-based approach. Source: CPIS, DataStream, author's own
calculations.
prior (Bayes–Stein)
e bias
Multi-prior correction, as suggested by Garlappi et al. (2007) for Bayes–Stein approach. Source: CPIS, DataStream, author's own
calculations.
-prior home bias Multi-prior correction, as suggested by Garlappi et al. (2007) in Bayesian framework. Source: CPIS, DataStream, author's own
calculations.
Sum of exports and imports of goods and services, measured as a share of GDP. Source: World Bank development indicators,
author's own calculations.
n listing Ratio of total value of cross-listed shares on the stock market of country i and total value of the world stock market. Source: CPIS,
author's own calculations.
End-of-year global market betas estimated from weekly return data. Source: DataStream, author's own calculations.
ncratic risk Variance of residuals from ICAPM regressions. Source: DataStream, author's own calculations.
l ﬁnancial crisis Dummy = 1 during and after GFC (2008, 2009) otherwise0 (2001–2007; 2010, 2011). Source: author's own calculations.
ion Year-to-year percentage change in consumer price index. Source: World Bank development indicators, author's own calculations.
al resources rents The sum of oil rents, natural gas rents, coal rents (hard and soft), mineral rents, and forest rents measured as a share of gross
domestic product. Source: World Bank development indicators, author's own calculations.
The log value of origin country's market share of world market capitalization. Source: Standard & Poor's Global Stock Markets
Factbook, author's own calculations.
tional quality A government effectiveness indicator which captures perceptions of the quality of civil services, public services, independence
from political pressure and the credibility of governmental commitment to such policies. Source: World Bank worldwide
governance indicators (www.govindicators.org)
311A.V. Mishra / Journal of Empirical Finance 34 (2015) 293–312Appendix Table A.2. Correlation of home bias measuresICAPM MV MinVar Bayes–Stein Bayesian Multi-Prior MPMV MPBS
ICAPM 1
MV 0.6060 1
MinVar 0.8500 0.6086 1
Bayes–Stein 0.9100 0.5953 0.8700 1
Bayesian 0.9200 0.5768 0.8875 0.9209 1
Multi-Prior 0.9195 0.5795 0.9085 0.9215 0.9500 1
MPMV 0.9015 0.6105 0.9125 0.9196 0.9215 0.9210 1
MPBS 0.9205 0.5991 0.8956 0.9359 0.9349 0.9346 0.9220 1
Note: ICAPM is home bias measure using ICAPM framework. MV is home bias measure as per Mean-Variance framework. MinVar is home bias measure as per
Minimum-Variance model. Bayes–Stein is home bias measure computed using Bayes–Stein shrinkage factor model. Bayesian is home bias measure computed in Bayesian
framework. Multi-Prior is home bias measure computed in Multi-Prior framework. MPMV is home bias measure as per Multi-Prior framework applied to Mean-Variance
data based approach. MPBS is home bias measure using Multi-Prior framework applied to Bayes Stein approach.References
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